Understanding the spatial and temporal variations and source apportionment of water pollution is important for efficient water environment management. The non-negative matrix factorization (NMF) method, which is naturally well suited for non-negative data of high dimension, was used to identify the latent factors and apportion the contributions from identified pollution sources to each water quality parameter. We obtained a data matrix with 11 water quality variables collected from 2013 to 2016 in the Luanhe River Basin in northern China. The results highlight the substantial contribution of industrial and livestock wastewater. All land-use types have a slightly weaker impact on surface water pollution during the dry season than during the rainy season. The aim of this study is to illustrate the practicability of multivariate statistical analysis, especially the application of NMF, which has major potential for source separation and the apportionment of water pollution. 
INTRODUCTION
Inland surface waters serve as integrators of terrestrial landscape characteristics and as recipients of chemical contaminants from both the atmosphere and the landscape, and they act as the major sources of substances into coastal waters (Tong et al. ; Räike et al. ) . The Luanhe River Basin is the major ecological barrier and the vital water resource supplier for the Beijing and Tianjin metropolises in China. Seasonal interrupted streams, severe soil erosion, riverine ecosystem destruction, vulnerable mining area ecosystems, and reservoir eutrophication have all complicated the precarious surface water systems over the years.
To ensure water security and establish a long-term database, the provincial government monitors the quality of water at a number of specified river locations in the Luanhe River Basin. In most cases, pollutants may have more than one source, and classification by national standard limits as well as time-series analyses normally conducted by the government are unable to reveal the source compositions and profiles at temporal and spatial scales.
Methods for extracting useful information from these substantial basic monitoring parameters to distinguish the potential types of critical sources that contribute high pollution loads to receiving waters and for characterizing spatial and temporal variations are important for enhancing knowledge of the pollutants, facilitating the development of water management, and helping researchers establish priorities for sustainable water management (Comber et al. ) .
To use a large water-quality matrix acquired by monitoring data to characterize the pollution pattern of surface water and determine the contributions of specific pollution sources (Wang et al. ) , mathematical statistics must be integrated. Investigations into the application of multivariate statistical analysis, including clustering analysis, principal component analysis, and factor analysis, for the identification of water pollution are common, and the results of this research have made a large contribution to our knowledge (Huang et al. ) . Non-negative matrix factorization (NMF) is a method allowing the estimated sources to be partially or entirely correlated (Alexandrov & Vesselinov ) . These features are particularly applicable in the context of water pollution source apportionment, where overlapping parameters could identify sources that belong to multiple pathways or processes.
Moreover, land use representing terrestrial processes at the catchment level is also a good indicator of water quality (Sliva & Williams ) .
Our study provides a method combining land-use data with multivariate statistics to identify linkages between terrestrial processes and surface water pollutants and to determine the specific contributions of sources to water contamination. The NMF method, which is still rarely used for addressing the problem of water pollution source separation, was applied for non-negative observed data. The large data matrix obtained during 4-year routine monitoring is subjected to the above-mentioned approaches to extract information about (1) the spatial and temporal variations of surface water pollution in the Luanhe River Basin, (2) the latent factors explaining the structure of the dataset, (3) the impact of land use on surface water quality, and (4) source apportioning for the estimation of possible source contributions.
MATERIALS AND METHODS

Study fields
The Luanhe River Basin is mainly located in Hebei Pro- 
Data collection
There are 50 water quality monitoring stations assigned to 16 rivers in the Luanhe River Basin. These stations are presented in Figure 1 Table 1 .
Data treatment
To explore the non-normal distribution of these water quality parameters, Kolmogorov-Smirnov (K-S) statistics were used to test the goodness of fit of the data. The Spearman non-parametric correlation coefficient was used to evaluate the season-parameter correlation and the year-parameter correlation. Sample data containing more than five missing values were eliminated, and the missing values were replaced by mean values. For values lower than the limit of detection, we used 1/2 of the limit values as substitutes.
A total of 1,825 observation data points were included after data treatment.
Spatial analysis
Digital elevation models (DEMs) and land-use maps inter- Table 2 .
Statistical methods
Cluster analysis
Cluster analysis (CA) is an unsupervised pattern recognition technique that uncovers the intrinsic structure or underlying behaviour of a dataset to classify the objects of the system into categories or clusters based on their nearness or similarity. Hierarchical cluster analysis was carried out on the normalized data through a z-scale transformation to avoid misclassification due to the wide differences in data dimensionality. We applied Ward's methods, which resulted in the smallest increase within the sum of squares, using squared Euclidean distances as a measure of similarity. To facilitate an interpretation of the cluster analysis results, the data files were sorted by sampling sites, allowing spatial analysis.
Non-negative matrix factorization
NMF allows the estimated sources to be partially or entirely correlated and enforces a non-negativity constraint on the original sources and their mixing components. If a problem can be described in a temporal discretized framework, the original signals (sources) can be represented by W (W ∈ M p×r (R)), which has produced observation records, and V (V ∈ M p×m (R)), which is detected as a set of parameters, where m is the number of parameters, R is the number of unknown signals, and p is the number of discretized moments in time at which the signals are recorded at the parameters. The matrix H containing the records of original data is obtained through monitoring processes.
Then the database can be formed by a linear mixing of r unknown original signals S, blended by an unknown mixing matrix, H (H ∈ M r×m (R)), or
where E is a matrix (E ∈ M p×m (R)) describing possible noise or errors in each of the experimental records. Since the factors W and H are both unknown, the main difficulty in solving source separation is that it is underdetermined (Alexandrov & Vesselinov ) .
The NMF method is particularly applicable in the context of water pollution source apportionment, where overlapping parameters could identify sources that belong to multiple pathways or processes. NMF generally produces sparse results and allows their intuitive interpretation as real underlying components within the context defined by the original data. We applied the PE-NMF technique, which is an extension of the multiplicative updated standard NMF 
RESULTS
Characteristics of water quality and its temporal Natural background: Natural processes, such as precipitation, weathering processes, and soil erosion, are also controlling factors in addition to anthropogenic influences (Li & Zhang ) .
Determination of the number of factors for NMF
The factorization rank r, which is treated as a complexity parameter and is in a range such that r ≪ m, needed to be estimated. We combined the approach proposed by intensive food-processing production in our area is highly correlated with crop growth periods.
Based on the result that industrial pollution is still the main reason for the diminished river health, geographic information for the discharge points of wastewater treatment was extracted. We found that the measured water quality downstream of the discharge points did not have a significant relationship with the daily discharge amount of NH 3 -N or COD but did have a significant relationship with the flow discharge from these points. A larger flow discharge of wastewater facilitated worse aquatic environmental quality.
CONCLUSION
We have demonstrated an effective and understandable method combining land-use information with CA and NMF that has not previously been applied to water quality 
